The paper is aware of the importance of certain figures that are essential to an understanding of Credit Scoring models in credit acceptance process optimization, namely if the power of discrimination measured by Gini value is increased by 5% then the profit of the process can be increased monthly by about 1 500 kPLN (300 kGBP, 500 kUSD, 350 kEUR). Simple business models of credit loans are also presented: acquisition -installment loan (low price) and cross-sellcash loans (high price). Scoring models are used to optimize process, to become profitable. Various acceptance strategies with different cutoffs are presented, some are profitable and some are not. Moreover, in a time of prosperity some are preferable whilst the inverse is true during a period of high risk or crisis. To optimize the process four models are employed: three risk models, to predict the probability of default and one typical propensity model to predict the probability of response. It is a simple but very important example of the Customer Lifetime Value (CLTV or CLV) model business, where risk and response models are working together to become a profitable process.
Introduction
In this paper some typical predictive models called Credit Scoring models or scorecards (Thomas et al., 2002; Anderson, 2007) are considered. These models are created based on logistic regression, especially the most known WoE approach (Siddiqi, 2005) . Their construction is very simple and useful in interpretation, so they have become the best tools in the optimization of processes in many financial institutions. For example, they are used in banking (Huang, 2007) to optimize credit acceptance processes and in PD models (probability of default) in regulator recommendations Basel II/III to calculate RWA (Risk Weighted Assets) (BIS-BASEL, 2005) .
Credit Scoring models are examples of statistical predictive models for forecasting some events based on collected and available data history. The best way to gauge their value is to wait and test them on real data, or, in other words, to compare the predicted values with observed. Unfortunately, this can take a considerable amount of time. To test the whole process, including the steps necessary in legal collection, can take between 5 and 10 years.
Credit Scoring research as a typical applied statistics field is fully connected with data science and with studies on real data taken from business banking processes. Legal constraints and lack of perspective thinking among data owners can result in very real problems connected to access to real data and almost totally blocks any correctly led research. A change in thinking has occurred in biostatistics where access to real data is now possible, profiting both data scientists and data owners. Even sometimes data are taken from the reality, however, in most cases they are insufficient to provide the complex analyses which are expected.
In the very interesting new paper presented at the conference Credit Scoring and Credit Control XIII in Edinburgh (Lessmanna et al., 2013) all the available data used in the last ten years are presented. Many of them are used only once in order to highlight particular results. Only a few of them can be accessed by the public, but only one dataset has more than twenty variables and another with more than 150k observations. Based on this information it becomes clear that there is a need for new simulated data for the Credit Scoring analyses described by (Kennedy et al., 2011) .
Let a set of simulated data be considered. All the rules used for data creating are known. Even if the Monte Carlo simulation, which is based on random numbers, is used repeatedly, all the final numbers are totally deter-ministic and can be repeated once again with the same number sequences. The following conclusion can, as a result, be reached: that research using this kind of data is ultimately futile, because all the previously held rules confirm only the method of data simulating. It is not true, because the method of data creating are completely different than scoring techniques, so it is nontrivial problem to find out description of the data based on scoring models. Moreover simulated data have many properties not planed and quite interesting. Complexity of the process is too hard to imagine and explain all unexpected behaviour, so also the author of the data can be surprised. There is needed a deeply study to point out total secret structures of new simulated data.
All the above mentioned arguments lead us to focus on simulated data. Furthermore, they also go so far as to suggest a change to a paradigm in applied statistics. Namely there is no requirement to always commence scientific research from the point of access to data. Maybe the question should be formulated as: what data are needed to ensure control of the process being studied in order to predict the future indicators? It can be extremely risky to believe that real data can be sufficient. Observed data does not show latent variables. Simply because it has been observed does not mean that it is possible to explain. It should always be remembered that there is a necessity to focus on the hidden or latent information. It is for this reason that simulated data can be very useful, because invisible numbers, for example, risk measures calculated on rejected applications that are unobservable in reality, can be presented. This is a very valuable rule created by Total Quality Management (TQM) suggesting that decisions should be made on both: visible and invisible numbers.
The need of creating simulated data can also be described in the following way: in the typical credit acceptance process reports are made known such as decline reasons, vintage, flow-rates, profile customer evaluation in the time, segmentations etc. All these reports are the results of observed information. The question what part do the hidden processes play in these results, could be considered.
Simulated data creating, instalment loans case
Consumer finance data generator in the first form is described by (Przanowski, 2013) . It is dataset dedicated to only one product: an instalment loan. Every client has only one loan. All variables therefore are based only on one account history. The Markov chain and fixed transition matrix with calculated migration coefficients between states defined as a number of delinquent instalments per month is used. For every month on every account dedicated scoring connected with all available history up to current month is calculated. Every succeeding month of data is calculated based on the mentioned matrix and scorings. If an account score is low then in the next month the account under consideration has some due instalments dependent on the scoring bracket, the score belongs to better brackets, then the account remains in the current state or goes into a non-delinquent state. Dataset contains 2 694 377 rows and 56 columns.
3 Credit acceptance process profitability, predictive power impact
It is obvious that Credit Scoring models are used in banking processes in the optimization purpose. It cannot be questioned, but up to now there have been no direct numbers about the usefulness of scorings presented in references, or about the profit values dependent on the scoring discrimination powers. This is probably due to the secret know how of enterprises. This is why random simulated data can be useful. The case under consideration is not connected with any secret bank indicators, but, on the other hand, some estimated, relatively realistic numbers to imagine the power of scoring models and the main, key success factor in the banking business. The source simulated data are specially changed to have a global risk, on all rows, at the level of 47%. Following this, a few scoring models are constructed with different discrimination powers measured by Gini statistics (Siddiqi, 2005) .
It is not possible to present detailed Profit&Loss (P&L) report without knowledge about certain specific factors connected to the business field and market, but it is sufficient to focus on the main dimensions: incomes com-ing from interest rates and provisions; and losses calculated by Basel II/III recommendations as an expected loss.
The following definitions are necessary to understand profit notion: APR -annual percentage rate for credit loans, r = APR 12
, p -provision for credit granting paid at the beginning, A i -loan amount, N i -number of instalments, where i is index, account ID. Based on current Basel recommendations expected loss (EL) is defined as a multiplication of three factors: probability of default (PD), loss given default (LGD) and exposure at default (EAD). Without any special argumentations, using a conservative approach it can be assumed that: LGD=50% and EAD is the loan amount. Based on historical data, where default events are available, PD can be transformed from expected value into an observed one, namely when a default event is present (it can be written as default 12 = BAD) then PD=100% and where the opposite is the case PD=0%. In this case the observed loss L i is calculated. Incomes I i including provisions are calculated based on compound interest (geometric series). For every i -account:
, when default 12 = BAD.
The total profit P can be calculated as follows:
For every scoring model, with different predictive powers, all the applications can be sorted using score values from the worst, with the highest risk, to the best, with the lowest risk. Based on the cut-off parameter any profit can be calculated on an accepted part and acceptance rate. Repeating that procedure many times for all possible cut-offs and all scoring models defined profit curves are constructed. These are presented in figure 1. Note that all numbers on pictures are presented in PLN, but some important indicators are also recalculated in GBP, USD and EUR. Some of them, for Gini this is usually lower than 50%, never produce profits, for any acceptance rate the total profit is always negative. Based on this, any scoring models with a low power or a low power of all acceptance rules, is not possible to manage the business and be profitable. Moreover, for a scenario when all the accepted applications are present, the profit is likely to be negative: a level of -44,5 mPLN (-9 mGBP, -15 mUSD, -10 mEUR).
The best three curves, with possible profitable scenarios, are presented on figure 2. Scoring models with a power greater than about 50% are able to identify profitable subsets of applications. The better the power, the greater the acceptance rate and profit. In the case of a scoring model with a power of 89%, which is too high to be realistically entertained, can be accepted about 44% of all applications resulting the total profit 10,5 mPLN (2 mGBP, 3.5 mUSD, 2.5 mEUR). These numbers are essential to understand the usage of scoring models. Dependent on the quality of the scoring model and its predictive power, a bank may lose or gain millions of currency units. Scoring is the key success factor in increasing capital for a company.
Profitability connected with correct usage of scoring models can also be presented in the following way. A calculation of the shift of profit and acceptance rate in the credit acceptance process when the increase of predictive power is equalled to 5%, can be seen in table 1. If Gini is increased by 5%, then the profit of the process can be increased monthly by about 1 500 kPLN (300 kGBP, 500 kUSD, 350 kEUR) the acceptance rate can be increased by 3,5%. Alternatively, when an increase of acceptance rate is unnecessary, then a bank may save money only through the use of the better scoring model. Namely, with an acceptance rate set at 20%, losses of approximately 900 kPLN (180 kGBP, 300 kUSD, 210 kEUR) can be saved. In the case of 40% approximately 1 500 kPLN (300 kGBP, 500 kUSD, 350 kEUR) can be saved monthly.
The large amounts of potential profits or saved losses that are here presented may help persuade banks and other financial institutions to retain analytical teams in their employment. They may also help simulate the search for better models and a recognition of the need to test any new model that appears. Finally, they acknowledge the importance of necessity of champion challengers and parallels acceptance scenarios.
The general message seems to indicate that providing the figures quoted above are correct, then any changes in the acceptance rate are influenced by Reject Inference (Huang, 2007) . The inability to make correct risk estimations on rejected applications results in a substantially large bias in the profit estimation, so it is by no means straightforward to manage the credit acceptance process. Section 6 deals with it in detail. Acceptance rate
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Figure 2: The three best profit curves. There are some cases where this is actually lower than prior to the crisis. Consequently, many have taken the decision to increase acceptance rates. In the current climate this has led to a struggle to attract customers. Because the observed risk is presently relatively low, some customers segments are not profitable. In the case where a customer does not want to take a loan credit, the bank is attempting to attract them by minimizing the price (e.g. APR or provision). This sometimes results in no profit gain. A customer desperate for a loan is, in most cases, an extremely risky proposition. The fight is on to find customers with the right level of risk. In order to retain business, banks have to find a balance between profitable and overly risky customers. The above results in the development or improvement of two-stage business models: the low and attractive model or the null price acquisition model, when a customer is started to establish an emotional relation with our bank, and then provide him many expensive repeat business products, cross-sell.
One of the most well-known two-stage business models in banking is: instalment loan as an acquisition and cash loan as a cross-sell. A Customer purchasing a TV-plasma in a store in small instalments is usually quite sat-isfied with the arrangement. During the loan cycle the customer gets many cross-sell contacts or offers of cash loans. Some customers decide to purchase a further product and a subset of them are transformed into regular cash loan taking customers a very profitable segment. Even if the business model is known it is not easy to manage it and to maximize a profits. This is the best example of where the importance of Credit Scoring Models can be illustrated.
Simulated data are also very useful in cut-off calculations. It is incorrect thinking to separate model building from its implementation. These two steps are always connected and Credit Scoring research cannot be focused only on various building techniques studies. When we want to build good models we need to test them in real production. Sometimes production results are quite different from those that are expected and an in-depth analysis of this difference is essential in the model building process.
It is an observed fact that future risk and instalment payments are correlated with available historical data on the customer. We can say that the customer's current ability to pay the next set of instalments is largely dependent upon their previous performance of repayments as well as upon their current financial, employment, home and domestic situation. The customer also has their own priorities in loan repayments; some are paid regularly and some are paid before the due date; sometimes repayments are not made. These priorities are in some part connected with banks processes and collaterals, but the simplest way is to assume that any loan that is taken out alongside another loan will only serve to increase risk. Every customer has an ideal number of loans that they are able to successfully manage, but if the bank allows them to exceed this number, the customer may well default on repayments.
Let us consider one customer with applications for more than one loan. A bank may choose to grant all of them or only a part. As mentioned previously, the repayment of any successive loan is dependent on the history of previous repayments, but on only accepted and financed loans. It is not possible to consider all scenarios and to build model data in that case, but very simple solution is to assume that every application is somewhere accepted and then financed. When the customer applies for a loan for the first time he usually tries to get it from his favourite bank. If his application is rejected, he is likely to approach another bank, but if this application is turned down, then he may approach another type of financial institution or an individual. We can assume that loans are always granted, but not always by the same bank.
We can also use the basic economists thesis that expenses are not correlated with incomes. The same may be applied in the case of the granting of loans. The customer takes out a loan for his own individual reasons though these may not be connected to his affordability.
Let the basic assumptions of random data generator for Consumer Finance business model be formulated (acquisition = instalment loans and cross-sell = cash loans):
• The customer can only take out two types of loan: an instalment loan to purchase goods and a cash loan for any other purpose
• Instalments loans are low risk and are not dependent on historical cash loans taken by the same customers
• Cash loans are high risk and are dependent on the individual's repayment history: instalment and cash loans
• The most risky loan for a customer is the last loan from any outstanding loans
• A cash loan can be granted in a particular month only when in the previous month a customer had some active accounts. In other words, every cash application is linked to publicity material dealing with offers that are only available to the bank's customers
• In any month there can only be one of two events: payment of several instalments or null payment, in databases information is collected regarding paid and due instalments
• The distributions of characteristics are precisely defined using expert knowledge and are based on various random generators
• If a customer has 7 due instalments on his account (180 past due days), then the account is closed with the status B (Bad) and history is not produced for any succeeding months
• If all payments are made, then account is given a status C (closed correctly) and the history of that account is discontinued
• Payments or non-payments are dependent on three factors: score value calculated on account and customer level (there are about 200 characteristics), transition matrix and macro-economic variable that changes the matrix over time.
All data are created on laptop Dell Latitude (1,67 GHz). Time of processing: 15 hours.
Datasets for instalment loans: Production dataset -56 335 rows and 20 columns. Transaction dataset -1 040 807 rows and 8 columns. All months are presented in figure 3 , where default 3 , default 6 , default 9 and default 12 means shares of accounts with 90+ past due days, three due instalments (in case default 3 exceptionally 60+, two due instalments).
Datasets for instalment loans: Production dataset -60 222 rows and 19 columns. Transaction dataset -1 023 716 rows and 8 columns. All relevant months are presented in figure 4 . Additionally, the time period is divided into two periods: 1975-1987 -modelling dataset, where all parameters are calculated and 1988-1998 for testing.
Stock months are presented in figure 5 . The response rate equalled to about 5% calculated as the number of total cash applications in the following month over the total number of active accounts in the potential market in the current month is also presented.
Basic parameters calculation
All the simulated data, instalments and cash loans are available for a bank, allowing them the potential to expand on their role in the market. The customer has his own priority regarding repayments, some of their liabilities are prioritised; others are not. A bank can define a proper policy and set of acceptance rules to minimize any loss. Optimization is possible due to scoring models implemented in the decision engine, a specially dedicated IT tool for automatic processing. The bank can only optimize risk by its decisions: to accept or reject a particular applied request. Acceptance implies inserting the whole generated history of processed application into bank's portfolio. It is assumed that all the account history is calculated before and is unchanging, so the issue is only to make a correct decision at the moment of the application based solely on any available customer history up to date of application. If a decision is negative then the bank does not have the history of that account in its portfolio. 1970 1971 1972 1973 1974 1975 1976 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 Year
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The bank, depending upon its decision, has either a better or poorer knowledge of its customers. This poses an interesting question, which is better? To have available all information about a customer, about all his loan histories, but have a greater loss, or to have less information with lower a loss. Every rejected application of a particular customer results in a worse estimation of risk for future loans of that customer. The sample in the bank's portfolio of that customer is biased. The problem is called Reject Inference and today is described in many works (Huang, 2007; Anderson et al., 2009; Hand and Henley, 1994; Verstraeten and den Poel, 2005; Finlay, 2010; Banasik and Crook, 2003 . The bank cannot avoid the abovementioned problem, it can only minimize it or get more data from credit bureau companies. If the credit bureau in the country is managed properly and has all loans available in the market, then that information can be very useful in minimizing reject inference.
When bank knows more about his customers then it is able to estimate any potential risk in a better way, so it is able to provide its business a more stable and safer manner.
Four models are constructed: three risk models and one response model. All the models are built on the same sample time period 1976-1987:
• PD Ins -PD model to predict probability of instalment default 12 .
• PD Css -PD model to predict probability of cash default 12 .
• Cross PD Css -PD model to predict probability of future cash default 12 at the time of instalment application.
• PR Css -response model to predict probability of future cash response at the time of instalment application.
Model documentations are presented in 8.2. The main goal is to make the process profitable and to maximize profit. Simple factors are calculated: income -interest rate incomes and loss -expected loss based on known Basel formula: EL=PD*LGD*EAD see also formula 3.1. Parameters are set as follows:
The annual percentage rate (APR) for an instalment loan is 1%, APR for cash loans 18%. Average LGD values: 45% for instalment and 55% for cash loans. PD for EL formula is binary variable default 12 . To simplify the cross-sell process all cash loans are the same: loan amount 5000PLN and the number of instalments -24. Table 3 provides predictive the powers of built and used models, some powers are not realistic, especially for the response model, but that case represents a strategy of full acceptance in 100%, which is a fairly unreal scenario and is considered only due to random data. It is useful to study it, because we can observe a case without any reject inference.
The average risk value of this process is 37,19% and the average probability (PD) -34,51%, so the expected value is slightly underestimated. The global profit is negative about -40 mPLN. The chance of making a profit is understandably not a straightforward task. However, a solution can be found that is based upon the Customer Lifetime Value (CLTV, or CLV) modelling methods (Ogden, 2009; DeBONIS et al., 2002) . It uses a relatively simple version that is based upon one response three risk models.
The goal of maximizing profit can be achieved by finding proper cut-offs for the above-mentioned four models. We should also be aware of the general idea of processing. All customers and their loans with all relevant history are collected in a database that we can call portfolio potential. Our decision engine can only accept or reject loans. If some applications are rejected then some missing information about our customers is present. That missing one has an effect on risk expected values, on score distributions and on the ABT variables distributions described in section 8.1. So on the one hand our bank can have lower risk, because some applications are rejected, but on the other some important information about customers is lost. Moreover, if some loans are not accepted, there may be some other type of value missing present, namely when a cash loan is being taken out. If we do not have a customer with active loans in our portfolio, we are not able to send them cash offers, so we do not know, or rather the customer does not know, they may access to cash in our bank, so we end up losing that customer. That kind of missing information in acceptance strategies is indicated as 'not known customer'.
First we try to optimize all cash loans. Based on a simple profit curve a proper cut-off on PD Css probability values can be found, namely with an acceptance rate of 18,97% we have the best profit = 1 591 633 PLN. In the decision engine we introduce the rule: when P D Css > 27, 24% then reject.
Following CLTV methodology the sequence of cash loans should be considered which would then be analysed in a more efficient manner to discover the final profit. This exercise is studied only in the case when the first product is an instalment loan. Also considered is the future cash loan for the same customer. Of course, not every customer taking out an instalment loan is taking cash later. Only some of decide to take cash, so some customers, especially those with only instalment loans, are rather non-profit. Our process should be focused on customers with a bigger chance for future cash loan, because only from that kind of customer we can earn money.
Based on models PD Ins and PR Css five (from 0 to 4) segments are created separately. The first, early discovered rule is also considered. For every combination of groups the global profit is calculated taking into account the currently applied instalment loan and future cash loan (see table 4). Based on that table new rules are defined:
rule: when P D Ins > 8, 19%, then reject rule: when 8, 19% >= P D Ins > 2, 18% and (P R Css < 2, 8% or Cross P D Css > 27, 24%), then reject.
It should be emphasized, that the last rule is based not only on risk parameters. It can be interpreted in the following way: if a customer takes only an instalment loan, then the cut-off can be set on a different level than for customers who take cash loans in the future. All the defined rules should result in 1 686 684 PLN of global profit. If the last rule is omitted, that is with only one acceptance rule: P D Ins ≤ 8, 19%, then the global profit will be 1 212 261 PLN. So we will lose about 470 kPLN, which will be about 30% lower profit.
Unfortunately, the numbers and ideas presented are biased by Reject Inference. To be sure of the final numbers we need to run the acceptance process, calculate once again all the ABT variables, based on new decisions, and then we will be able to get the proper financial KPIs. This is the reason for the various strategy testing in section 6.
The method presented for cut-offs calculation is only an example and can be treated as a nice exercise to learn the complex processes and correlations between many factors. In the real-life situation more correctly defined goals, boundaries, constraints or restrictions should be considered. Nevertheless, the technique is always the same; all the possible scenarios are considered. Only then are the KPIs calculated and the best solution is decided upon. But the problem of reject inference is always present and it is not easy to consider its impact in an appropriate manner.
Various strategies study
To understand the complexity of the process four acceptance strategies are presented, see tables 5, 6, 7 and 8.
The first strategy is connected to the cut-offs calculation approach mentioned in section 5. Let we us remember that in the period 1975-1987 the expected total profit is 1 686 684 PLN. After running the process we arrive at 663 327 PLN. There is an error of approximately one million PLN. What is going on? Where is our money? The error is very significant and it is because of rejected applications, 30% of share, and due to not known customer decline reasons, 50% of share. On the other hand, we can content ourselves in the knowledge that our profit is still positive by about 700 kPLN, as opposed to the total acceptance strategy with a negative profit equalling -40 mPLN. Despite this small success the error is too significant to ignore, it persuades us to study further and broaden our minds in order to be aware that building models with large predictive powers is not enough to win an implementation step. Taking into account all the factors and all the steps is also very important.
To be very honest, nobody can guarantee a success in any case where the strategy is dramatically changed. Let we emphasize that the initial strategy is based on the fully acceptance process, so from a 100% acceptance rate is switched to 26% on instalment loans and 16% on cash. Such a radical step plays a profound part in the distributions of our probabilities. To begin with, PD is at a level of 34,51%. In the new process we have 28,87%. Why do we have a difference? It is due to missing information about all of the customer's accounts. The new strategy accepts less risky applications, so the bank has information only about better loans, so the average PD should be lower, which causes an underestimation of risk regarding our customers.
In the inverse case, based on first strategy, if we want to increase acceptance, we will be in trouble because we will have incorrectly estimated risks parameters. Moreover, we will realise that the properties of the models are also changed, and the predictive powers are lower. Gini of model Cross PD Css from 74% decreased up to 41% on all and to 21% on accepted segment. In reality, only the second value is observed, so we can discuss about the correctness of that model. Why does the model not work? It is really difficult to measure the value of that model after implementation. Probably it will be replaced by another one.
In section 5 the result is also shown in the case of one simple rule without any special rules based on response probabilities. In that case the expected profit is lower by about 470 kPLN. It falls by about 550 kPLN (see strategy 2, table 6), so in estimations of differences we do not have any significant errors. We can formulate a simple rule: reject inference is difficult to predict, it is proportional to the strength of the acceptance process change. If we change a process significantly, we can also expect significant error in predictions due to rejected applications.
Let we consider another approach. Let's start from a simple intuition strategy, where we do not accept applications with default events (more than three due instalments) during the last 12 months before the application date. The process is not profitable (see strategy 3, table 7), but acceptance of cash loans is decreased to 45%. The models still work in that case. Repeating the same idea as for cut-offs calculation for the first strategy, we can once again set new cut-offs, but in that case based on a different starting strategy. We have therefore created the next strategy (see strategy 4, table 8).
The profit is 732 kPLN, with 9% acceptance for cash and 26% for instalment loans. We can discuss this strategy further, it is a better solution for the period 1975-1987, but acceptance of cash loans is very small, which is only right for such a period of high risk. Indeed, in the period 1988-1998 we have the invers case: the first strategy has a profit of 1,5 mPLN but the forth a little bit lower 1,3 mPLN.
All the exercises presented give us the opportunity to understand complex problems and to be aware of reject inference in practice.
The most important conclusions are: because we are able to create useful data for Credit Scoring analysis, we can make many strategies, build various models, test CLTV approaches and develop better estimations of reject inference.
Conclusions
Credit Scoring models in credit acceptance process are the best tools for optimization and maximisation of outcome profit. Profitability connected with correct usage of scoring models can be presented in the following way. If predictive power measured in Gini statistic is increased by 5% then the profit of the process can be increased monthly by about 1 500 kPLN (300 kGBP, 500 kUSD, 350 kEUR) and acceptance rate by 3,5%. In other words, pre- dictive power of scoring models is an important factor to earn millions of currency units monthly.
Risk estimation is very difficult to predict of a significant change of the acceptance process. In that case impact of rejected applications, called Reject Inference is difficult to predict and all estimations are made on biased sample.
Usage of simulated data in credit acceptance process research can reveal some hidden, invisible numbers, like the risk value that is present on rejected applications, and allows us to imagine the complexity of the process and internal relations.
Existence of credit bureau institutions are the best tools within a country to minimize reject inference bias and help stabilize the banking business and make it more inherently safe.
Appendix

ABT dataset, variables descriptions
All variables are described in tables 9, 10, 11, 12 i 13. Only target variables are omitted. 9 Some additional files
The example of SAS dataset calculated for the first strategy and more detailed strategy reports can be found on the web adress: http://kprzan.w.interia.pl/ThePowerOfCreditScoring.rar
